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ABSTRACT
Chronic diseases have become important factors affecting the health of elderly
Chinese people. Because the prevalence of chronic diseases varies among the
provinces, it is necessary to understand the spatial effects on these diseases, as
well as their relationships with potential risk factors. This study applies a structured
additive regression model and the R2BayesX package to conduct a Bayesian analy-
sis. The data are taken from the 2000, 2006, and 2010 Chinese Urban and Rural
Elderly Population Surveys. The findings are as follows: (1) the following covariates
have considerable effects on chronic diseases in general, and on specific chronic
diseases (hypertension and heart disease) (in descending order): census register
(rural or urban), gender, smoking, drinking, province, time, age, cultural activities,
years of education, and sports activities; (2) the effect of marital status is negligi-
ble; (3) province is a critical factor, with the highest spatial effect appearing in two
types of provinces: economically developed provinces, and economically backward
provinces; and (4) time also has considerable effects. Based on these findings, the
government should further strengthen its investment in rural areas and economi-
cally backward provinces as a cost-effective intervention, and should educate the
population on the harmful effects of smoking and drinking alcohol on health.
Key words: Bayesian analysis, Markov chain Monte Carlo (MCMC),
R2BayesX, Spatial effect, Structured additive regression (STAR) models.
1. Introduction
The medical definition of a chronic disease is a disease that persists for a long
time. For example, the U.S. National Center for Health Statistics defines a chronic
disease as one that lasts for three months or more. In China, more than 70%
of elderly people struggle with a chronic disease. In addition, the majority of the
elderly suffer from multiple chronic diseases (Thorpe and Howard, 2006; Vogeli
et al., 2007; Wolff et al., 2002). The prevalence of chronic diseases is related
to many potential risk factors, such as age, lifestyle habits (smoking, drinking), a
lack of exercise, and so on. In addition to these influencing factors, the spacial
dimension is increasingly being considered as an independent factor, which can be
examined using geostatistical methods.
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Kriging is a common geostatistical method that produces a map of a quantity
of interest over a geographical region. In addition, as an extension to kriging,
universal kriging takes into account the linearity of the covariate (Cressie, 2015,
pp.151–172). However, when the effect of the covariate is nonlinear, the universal
kriging method is not appropriate. In this case, a geoadditive model may be a better
choice. The geoadditive model was introduced by Kammann and Wand (2003), and
accounts for non-linear covariate effects under the assumption of additivity. Today,
many researchers apply this model in their studies (Basile et al., 2013; Geniaux and
Napoléone, 2008; Sauleau et al., 2007; Wand et al., 2011).
Another powerful model used in spatial analyses is the generalized additive
model (GAM). The GAM is suitable for modelling nonlinear effects of continuous
covariates in regression models with non-Gaussian responses. Furthermore, struc-
tured additive regression (STAR) models extend GAM models by including spatial
effects, the nonlinear effects of continuous factors, and linear or fixed effects in one
model (Kneib, 2006). STAR models include generalized linear models and gener-
alized additive models as special cases, but also allow for a wider class of effects,
such as geographical or spatio-temporal effects (Fahrmeir et al., 2004, 2013; Um-
lauf et al., 2015).
With the rising prevalence of chronic diseases (Freedman and Martin, 2000;
Thorpe and Howard, 2006) and the large elderly population (the population aged
60 and over in China was 2,308,600 in 2016), the number of elderly Chinese people
suffering from chronic diseases is very high. Because chronic diseases are essen-
tially permanent, they introduce a heavy economic burden to families and society. In
China, the most common cause of death is chronic diseases, rather than infectious
diseases (Gu et al., 2009; He et al., 2005). For example, chronic disease-induced
deaths accounted for 71.88% of all deaths among residents in Kunming (Yunnan
provincial capital) in the period 2007–2010 (Li et al., 2012). The high number of el-
derly people with severe chronic conditions places a significant burden on medical
care. Thus, the Chinese government faces enormous challenges in terms of med-
ical investment. Numerous studies have examined chronic diseases, with many
focusing on the factors influencing such diseases.
Fillingim et al. (2009) studied samples from different countries (China, France,
Sweden, United States, etc.), and found that the prevalence of the most common
forms of pain caused by chronic diseases is higher in women than in men. Fur-
thermore, Zhen (2010) used data on Gansu province (in China), finding that the
resistance of females to chronic disease pain is poor and that females’ thresholds
for discomfort are lower than those of men. As a result, women are more likely to
visit a doctor and, thus, are more likely to be diagnosed with a chronic disease.
Thus, we hypothesise that gender has a great influence on the reported prevalence
of chronic diseases and of specific chronic diseases (e.g., hypertension and heart
disease) in elderly Chinese people, and that elderly females are more likely to have
chronic diseases and specific chronic diseases than are elderly males.
In this study, we use reported prevalence rather than prevalence, because the
prevalence is not the true prevalence. Chronic diseases are usually non-fatal dis-
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eases and persist for a long time. Many elderly people may have chronic diseases,
but may not be aware of this, in which case, they will report not having a disease,
even though they do. Thus, the study can only obtain the reported prevalence.
Woolf et al. (2015) noted that people with a high economic status are more con-
scious of self-care, and that such individuals are more likely to be diagnosed with
chronic diseases. Zhen (2010) found the reported prevalence of chronic diseases
is significantly affected by access to health care. Income and medical security are
greater among the urban elderly than among the rural elderly. Therefore, we hy-
pothesise that the census register is a critical factor related to chronic diseases
and to specific chronic diseases (e.g., hypertension and heart disease), and that
the reported prevalence of chronic diseases and specific chronic diseases is higher
among the urban elderly than among the rural elderly.
Chen (2005), Ye (2013), and Zhao et al. (2015) found that marital status also
has an affect on chronic diseases in China. Furthermore, Ye (2013) analysed data
on Jilin province, and found that those who are single have the lowest prevalence
of chronic diseases, while the prevalence among divorced/widowed persons is the
highest. Thus, we hypothesise that the reported prevalence is higher among di-
vorced and widowed elderly people than among other types of elderly people. The
WHO (2005) reported that chronic diseases among the elderly are predominantly
attributable to unhealthy habits during youth, such as excessive smoking and drink-
ing. In addition, using data on China, Chen (2005), Jiao et al. (2002), and Zhao et al.
(2015) found similar results, namely, that cigarette smoking and alcohol usage are
risk factors for chronic diseases. Therefore, we hypothesise that (cigarette) smok-
ing and drinking (alcohol) have a considerable influence on the reported prevalence
of chronic diseases and specific chronic diseases in China.
Numerous studies have confirmed that age has a considerable effect on chronic
diseases in China (Chen, 2005; Jiao et al., 2002; Lin et al., 2002; Yin, 2011), with
the prevalence increasing with age. Furthermore, Jiao et al. (2002), Ye (2013), and
Yin (2011) pointed out that education and exercise have nonnegligible effects on
chronic diseases, with the prevalence increasing for lower levels of education and
less exercise. In this study, we divide exercise into two categories: sports activities
and cultural activities. Based on the above studies, we hypothesise that the preva-
lence increases in older people who get less exercise. However, we hypothesise
that people with higher levels of education are more likely to report having chronic
diseases because they learn more about the dangers of such diseases and pay
more attention to their health.
The above studies are limited to a single province or city. Furthermore, with the
exception of some statistical descriptive reports, few studies consider the spatial
dimension as an independent factor in chronic disease research in China. There are
tremendous differences in economic development levels, medical conditions, and
living conditions among the provinces in China, all of which can affect the diagnosis
and treatment of a chronic disease. As a result, the prevalence of chronic diseases
is quite different among the provinces. Thus, we hypothesise that the province is a
critical factor affecting chronic diseases and specific chronic diseases. In addition,
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we hypothesise that the reported prevalence is similar to the case of the census
register, in that it is higher in economically developed provinces.
In summary, based on past studies and on China’s tremendous geographic dif-
ferences, we hypothesise that the following factors are important factors affecting
the prevalence of chronic diseases and specific chronic diseases in elderly Chinese
people: gender, census register (urban or rural), marital status, smoking, drinking,
age, education years, sports activities and cultural activities, and province. In ad-
dition, because most of the samples between surveys in 2006 and 2010 are the
same, we further take the effects of time into account.
Prior studies usually only consider the linear effects of the continuous covari-
ates (such as education years) on a chronic disease, even though they may have
nonlinear effects. Because STAR models can include spatial effects, the nonlinear
effects of continuous factors, and linear or fixed effects in a single model, we apply
a STAR model in our empirical study in order to determine which covariates have
considerable effects on chronic diseases in China.
In applying this model, we use a fully Bayesian estimation based on Markov
chain Monte Carlo (MCMC) simulations, as well as BayesX, a standalone software
package used to fit general STAR models. Moreover, Umlauf et al. (2015) devel-
oped an interactive R interface for BayesX, called R2BayesX, which can be used to
specify STAR models using R’s formula language. Furthermore, this package adds
extensive graphics capabilities for visualizing fitted STAR models.
The rest of this paper is structured as follows. Section 2 introduces the STAR
models, and their estimations. Section 3 explains the data. Section 4 presents the
STAR model applied in this study, and describes the R2BayesX settings. Section
5 discusses the empirical results for chronic diseases, as well as for two specific
chronic diseases (hypertension and heart disease) using the R2BayesX package.
Section 6 presents our conclusions.
2. Estimation Methods
2.1. STAR models
STAR models were first introduced by Fahrmeir et al. (2004), and not only contain
generalized linear effects, but also allow for nonlinear effects of continuous covari-
ates and spatial effects.
For generalized linear models, the mean µ of the response variable y is linked
to a linear predictor η by
µ = h−1(η), η = x′γ, (1)
where h is a known link function and γ denotes unknown regression coefficients.
Following Fahrmeir et al. (2004, p.734), in STAR models, the linear predictor is
replaced by the following structured additive predictor:
η = f1(x1)+ · · ·+ fp(xp)+w′γ, (2)
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where x1, . . . ,xp are nonlinear covariates, and f j are smooth functions, which can
represent potentially non-linear effects of continuous covariates or spatially struc-
tured and unstructured effects.
Furthermore, when the response variable is binary, the link function becomes a
logit function, and we can consider the following logistic STAR model:
logit(p) = log
(
p
1− p
)
= η = f1(x1)+ · · ·+ fp(xp)+w′γ, (3)
where p denotes the probability of a specific event occurring (such as the probability
of a person having a chronic disease).
2.2. Estimation of STAR models
In this study, the STAR model is estimated using a Bayesian inference. For the
Bayesian inference, all components of the STAR models must be supplemented
with appropriate prior assumptions.
In the STAR model (2), w′γ denotes the fixed effects. In general, a diffuse prior
p(γ)∝ const is assumed for the fixed effects parameter γ. At the same time, specific
priors are given to the functions f j(·), and depend on the type of the covariate.
For the nonlinear effects of continuous covariates f j(·), Bayesian P-splines are
utilized. P-splines are an improvement over B-splines, and introduce a penalty
variable to prevent overfitting.
The basic idea behind P-splines is dividing the data interval into a relatively
large number of sub-intervals, and an unknown smooth function f of a covariate x
can be approximated by a linear combination of some basis functions. P-splines
can be approximated by a polynomial spline of degree l, defined on a set of equally
spaced knots xmin = ζ1 < ζ2 < · · · < ζm = xmax within the domain of x. Following
Fahrmeir et al. (2013, pp.426–431), a spline can be expressed by an adequate
linear combination of d = m+ l−1 B-spline basis functions:
f (x) =
d
∑
j=1
β jB j(x), (4)
where B j(x) of degree l is defined as follows: for j = 1, . . . ,d−1,
B0j(x) = I(ζ j ≤ x< ζ j+1) l = 0
B1j(x) =
x−ζ j−1
ζ j−ζ j−1 I(ζ j−1 ≤ x< ζ j)+
ζ j+1− x
ζ j+1−ζ j I(ζ j ≤ x< ζ j+1) l = 1
Blj(x) =
x−ζ j−l
ζ j−ζ j−l B
l−1
j−1(x)+
ζ j+1− x
ζ j+1−ζ j+1−l B
l−1
j (x) l ≥ 2,
(5)
where I(·) is an indicator function.
The crucial choice for P-splines is the number of knots: too few knots may not
be flexible enough, while choosing too many knots may overfit the data. To prevent
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overfitting, a penalty term is included. The penalty terms are expressed as in Eilers
and Marx (1996):
P(λ ) =
1
2
λ
d
∑
j=r+1
(∆rβ j)2, (6)
where λ is the smoothing parameter and ∆r denotes the rth-order differences.
In most applications, second-order differences are chosen, which are defined as
∆2β j = ∆1∆1β j = ∆1β j−∆1β j−1 = β j−2β j−1+β j−2. Furthermore, when λ → ∞, the
function estimate for f (x) is close to linear in the case of second-order differences.
In applications, a common choice for P-splines is B-splines of degree l = 3, with
m= 20 equidistant knots. These setting ensure that the estimated function is twice
continuously differentiable, which allows sufficient flexibility to capture the typical
nonlinear mode.
The general form of the prior of β j for a P-spline is given by the multivariate
normal distribution:
p(β j|τ2j ) ∝ exp
(
− 1
2τ2j
β ′jK jβ j
)
, (7)
where K j is a penalty matrix, and τ2j is a prior variance, which determines the
impact of the prior distribution on the function estimates. For the full Bayesian infer-
ence, weakly informative inverse Gamma hyperpriors τ2j ∼ IG(a j,b j) are assigned
to τ2j , with a j = b j = 0.001 as a general setting. More detailed information about the
Bayesian P-splines can be found in Lang and Brezger (2004).
As we mentioned above, f j denotes smooth functions that can be used to rep-
resent the potentially non-linear effects of continuous covariates or to represent a
spatial effect. If f j represents a spatial effect, it is expressed as fspat(·).
The spatial effect in a STAR model is the effect of a spatial covariate. Usually,
this is a proxy for unobserved influential factors, some of which may have a strong
spatial correlation (structured), while others may be present only locally (unstruc-
tured). Thus, in order to distinguish between these two kinds of spatial effects,
fspat(·) is split into a spatially correlated (structured) part fstr(·) and spatially uncor-
related (unstructured) part funstr(·), i.e. fspat(·) = fstr(·)+ funstr(·). The structured
spatial effects simply indicate that the spatial effects are correlated. There is no
specific structure imposed on the spatial effects.
The spatially structured effect fstr(·) can be specified using stationary Gaussian
random field (GRF) priors. When the place of residence is known exactly, given by
geographical x-y coordinates, the spatial analysis can be conducted using a station-
ary GRF. The estimation of a GRF is based on the centroids of particular regions
for geosplines and geokriging terms. More detailed information about stationary
GRF priors can be found in Fahrmeir et al. (2013, pp.500–530). The spatially un-
structured effect funstr(·) can be specified using simple Gaussian i.i.d. priors, and
denotes the random effect of a covariate.
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3. Data
We define a chronic disease using the medical definition: a disease that lasts for a
long time (more than three months) and cannot be cured.
The data for this study are taken from the 2000, 2006, and 2010 Chinese Urban
and Rural Elderly Population Surveys, conducted by the China Research Center on
Aging of the National Committee on Aging. The survey in 2000 only investigated
whether people were suffering from chronic diseases, while those in 2006 and 2010
were expanded to include questions on specific chronic diseases. And most of the
samples between surveys in 2006 and 2010 are the same. Thus, we also analyse
two specific chronic diseases (hypertension and heart disease, both of which are
common in China, with a prevalence of more than 10%) in 2006 and 2010.
Moreover, the surveys focused on the following 20 representative prov-
inces, municipalities, and autonomous regions: the eastern region - Beijing, Shang-
hai, Hebei, Liaoning, Jiangsu, Zhejiang, Fujian, Shandong, and Guangdong; the
central region - Heilongjiang, Anhui, Henan, Shanxi, Hubei, and Hunan; and the
western region - Sichuan, Yunnan, Shaanxi, Xinjiang, and Guangxi. The selected
provinces, municipalities, and autonomous regions are shown in Figure 1. In China,
the degree of economic development is closely related to geographical location.
In general, provinces in the eastern region are almost economically developed
provinces, provinces in the central region are moderately developed provinces, and
provinces in the western region tend to be economically backward provinces.
The data sampling method used is the same as that of the Fifth Population
Census; based on the distribution of the population aged 60 and older, a quota
from each of the regions is determined. Then, stratified sampling is used to confirm
that the survey results represent the total elderly population in China (Gao and Li,
2016).
After the survey samples were determined, the interviewers conducted house-
hold surveys. Here, interviews were conducted by interviewers, who then com-
pleted the questionnaires on behalf of the interviewees, based on their responses.
No questionnaires were completed by the interviewees. Then, the interviewers
checked and verified the responses after the investigation. As a result, the data ac-
curacy is high. The three surveys generated 20,256 responses, 19,947 responses,
and 19,986 responses, respectively.
4. Model
4.1. Model specification
Because the samples include data on whether people suffer from chronic diseases
in 2000, 2006, and 2010, the first step is a Bayesian analysis of the geographic
distribution of chronic diseases and their relationships with potential risk factors.
Moreover, for 2006 and 2010, data are included on common chronic diseases (hy-
pertension and heart disease). Thus, the second step is a Bayesian analysis of the
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geographic distribution of these two common chronic diseases and their relation-
ships with potential risk factors. The second step is a refinement of the first step.
Therefore, this paper describes how to implement the first step only.
Given a set of observations yi, 1 ≤ i ≤ n, yi is a binary response for a chronic
disease, such that
yi =
{
1 if one has a chronic disease
0 otherwise.
Because the responses are binary, we consider a logistic STAR model to estimate
the probability of an elderly person having a chronic disease (yi = 1) versus the
probability of an elderly person not having a chronic disease (yi = 0):
logit(pi) = log
(
pi
1− pi
)
= ηi = f1(xi1)+ · · ·+ fp(xip)+w′iγ, 1≤ i≤ n, (8)
where pi = Pr(yi = 1), xi1, . . . ,xip are p continuous covariates, f j are smooth func-
tions, wi=(wi1, . . . ,wir)′ is a vector of r categorical covariates, and γ is an r-dimensional
vector of unknown regression coefficients for the categorical covariates wi. The re-
sponse is distributed as a Bernoulli random variable, such that
f (yi|ηi) = piyi(1− pi)(1−yi) = exp[yiηi− log(1+ exp(ηi))] for yi = 0,1,
where ηi = logit(pi) = log
(
pi
1−pi
)
.
Based on the previous studies mentioned in the Introduction, we analyse the lin-
ear effects of the following categorical covariates: gender of the elderly person (fe-
male or male), census register (urban or rural), marital status (live with spouse, live
differently with spouse, widowed, divorce, and unmarried), smoking (smoked previ-
ously, currently smoke, and never smoke), and drinking (drank previously, currently
drink, and never drink). In addition, we investigate the potential nonlinear effects of
the following continuous covariates: the elderly’s age (Age), education years (EY),
number of sports activities (SA), and cultural activities (CA). Furthermore, because
the observations on chronic diseases are associated with where a person lives, it is
important to account for geographical/spatial differences in the analysis. Therefore,
by taking spatial and nonlinear effects into account, the predictor shown in (8) is
replaced by the following predictor:
ηi = f1(Agei)+ f2(EYi)+ f3(SAi)+ f4(CAi)+ fspat(Provincei)+w′iγ, (9)
where f1(Agei), f2(EYi), f3(SAi), and f4(CAi) are nonlinear smooth effects of the con-
tinuous covariates, and fspat(Province) is the effect of the spatial covariate Provincei.
Here, Provincei ∈ {1, . . . ,S} is an integer, where S is the number of surveyed regions.
Every integer indicates the province, municipality, or autonomous region in which
the respondent is living. For example, Provincei = 1 means the respondent lives in
Heilongjiang province, and Provincei = 8 denotes a respondent living in Beijing city.
In this study, the number of surveyed provinces, municipalities, and autonomous
STATISTICS IN TRANSITION new series, December 2018 653
regions is 20; thus S= 20 (i.e., Provincei ∈ {1, . . . ,20}).
In China, the provinces are connected in that they usually have some similar-
ity and correlation, and so they are spatially correlated. Therefore, we consider
the structured spatial effect fstr(province) rather than the unstructured spatial effect
funstr(province).
Finally, we estimate the following STAR model:
ηi = β0+ f1(Agei)+ f2(EYi)+ f3(SAi)+ f4(CAi)+ fstr(provincei)+w′iγ, (10)
where fstr(provincei) is a structured spatial effect, and w′iγ are the linear effects of
the following categorical covariates: gender of the elderly, census register, marital
status, smoking, and drinking.
In this study, the estimation of the above STAR model is obtained using a
Bayesian inference. In the STAR model (10), for the fixed effects w′iγ, a diffuse
prior p(γ) ∝ const is assumed for the parameter γ. For the nonlinear effects of the
continuous covariates f1(Age), f2(EY ), f3(SA), and f4(CA), Bayesian P-splines are
utilized. In addition, we estimate the structured spatial effect fstr(province) using the
stationary Gaussian random field (GRF) approach, because the geographical x-y
coordinates of every surveyed province in this study are known exactly.
4.2. Model implementation
For each data set (2000, 2006 and 2010), the STAR model (10) is fitted to a chronic
disease.
We change all categorical covariates into dummy variates. For example, marital
status has five categories: live with spouse; live differently with spouse; widowed;
divorce; and unmarried. We use four dummy variates to represent this categorical
covariate: marital statusA: live with spouse; marital statusB: live differently with
spouse; marital statusC: widowed; marital statusD: divorce.
The model (10) can be implemented in R2BayesX, an open R package for STAR
models. For this model, 25,000 Markov chain Monte Carlo (MCMC) iterations were
carried out after a burn in sample of 2,000. In general, these random numbers are
correlated. Thus, we store every 10th sampled parameter of the Markov chain. The
posterior mean, posterior standard deviation, posterior median, and 90% and 95%
credible intervals for all parameters, estimated from the posterior distributions, are
used to assess the model fit.
When fitting fstr(Province) in R2BayesX, a “map" argument is needed. It can be
an object of class “SpatialPolygonsDataFrame" or an object of class “bnd." Spatial
polygon data in China can be downloaded as shapefiles. Furthermore, using the
function shp2bnd() of the R package – shapefiles package, the shapefiles can be
changed to “bnd" objects, – Chinabnd. The class “bnd" is a list() of polygon
matrices, with x- and y-coordinates of the boundary points in the first and second
columns, respectively, which can be used to calculate the centroids of polygons to
estimate the smooth bivariate effects of the resulting coordinates.
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5. Empirical Results
We use a logistic STAR model to estimate the probability of an elderly person having
a chronic disease (yi = 1) versus the probability of an elderly person not having a
chronic disease (yi = 0). It is well known that the coefficients in a logistic regression
model do not represent marginal effects, but rather log odds. It is difficult to interpret
the coefficients, and this problem becomes even more complex when considering
non-linear effects. Therefore, we focus on which group has a greater impact, not the
extent of the effect. For example, we examine whether the prevalence of a chronic
disease in elderly females is higher than that of elderly males, not the marginal
effects of the prevalence of a chronic disease in elderly females and males.
From (8), the structured additive predictor ηi and probability pi = Pr(yi = 1) are
positively related. If the coefficient is positive, ηi of the experimental group is larger
than ηi of the control group. Then, pi = Pr(yi = 1) of the experimental group is
larger, which means the experimental group is more likely to have chronic diseases.
Otherwise, if the coefficient is negative, the control group is more likely to have
chronic diseases. Furthermore, when all other coefficients remain unchanged, a
certain coefficient becomes larger than ηi becomes larger, and the probability pi =
Pr(yi = 1) becomes larger, that is, a larger coefficient denotes a greater effect on a
chronic disease.
Table 1 displays the variables used in the models and gives their meanings and
values. Table 2 compares the hypotheses and the empirical results on the reported
prevalence of a chronic disease, hypertension, and heart disease.
5.1. Empirical results for chronic diseases
In Table 2, for the covariates of gender and census register, zero is not included in
the 95% credible intervals in 2000, 2006, and 2010. Therefore, we find that these
covariates do affect chronic diseases. In addition, the posterior means of gender
and census register are positive. This indicates that in comparing elderly females
and elderly males (female is 1, male is 0), and urban elderly people and rural elderly
people (urban is 1, rural is 0), the reported prevalence of the former groups is higher
than that of the latter groups. These results are also consistent with the hypotheses.
In general, marital status may affect the health of elderly people (Kiecolt-Glaser
and Newton, 2001). However, being married does not guarantee health benefits.
A decline in the quality of marriage has a negative effect on mental and physical
health (Wickrama et al., 1997). We find that, marital status has a negligible effect
on a chronic disease, because the 95% and 90% credible intervals of marital status
include zero in all three years. Thus, we reject the hypothesis of marital status.
For the covariates smoking and drinking, zero was not included in the 95%
credible intervals of smokingA (smoked previously), drinkingA (drank previously),
and drinkingB (currently drink) in all three years. Therefore, we hold the hypothe-
ses that smoking and drinking do affect chronic diseases. However, smoking and
drinking have two different kinds of effects on a chronic disease. The results of
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smokingA (smoked previously)/drinkingA (drank previously) are consistent with the
following hypotheses: the reported prevalence in elderly people who smoked/drank
previously, but no longer do so, is higher than that in elderly people who never
smoke/drink. However, the results of smokingB (currently smoke) and drinkingB
(currently drink) seem to be counter-intuitive: the reported prevalence in elderly
people who currently smoke/drink is lower than that in those who never smoke/drink.
One possible reason for this apparent contradiction in the case of drinking may be
the following: moderate drinking has little effect on health, and some reports even
show that moderate drinking is beneficial to our health (Fillmore et al., 2006).
In addition, as explained above, a larger coefficient denotes a greater effect on
chronic diseases. From Table 2, for the fixed effects of the categorical covariates on
chronic diseases, the census register has the greatest effect on chronic diseases,
followed by gender, smoking, and drinking.
The nonlinear effects of the continuous covariates (age, years of education,
sports activities, and cultural activities) are considerable, but they are all very small
(mean values are less than 0.012) in the three years. Furthermore, the posterior
means are all positive, which indicates a greater reported prevalence for older peo-
ple with a higher level of education, and who do more sports activities and cultural
activities. Age and education are consistent with the hypotheses, but sports ac-
tivities and cultural activities are contrary to the hypotheses. One possible reason
may be as follows: people who do more sports activities and cultural activities pay
more attention to their health, and so are more likely to go to the hospital for an
examination, and more likely to report having a chronic disease. Figure 2 gives the
detailed nonlinear effects of these continuous covariates on a chronic disease, with
95% credible bands in all three years. The tails of all continuous covariates are wide
because the numbers of observations in these parts are all very small.
Since a larger coefficient denotes a greater effect on chronic diseases, and the
coefficient of province on chronic diseases is relatively large, thus, the spatial effect
of province is critical.
In 2000, Xinjiang province’s structured spatial effect is the highest, followed
by Anhui, Shaanxi, Sichuan, Guangxi, Beijing, and Shanxi provinces. Shandong
province’s structured spatial effect is the lowest (see Figure 3(a)). In 2006, Xinjiang
province’s structured spatial effect is still the highest, followed by Anhui, Hubei,
and Hunan provinces. Guangdong province’s structured spatial effect is the lowest,
and Shandong, Guangxi and Fujian provinces’ structured spatial effects are very
low (see Figure 3(b)). In 2010, Zhejiang province’s structured spatial effect is the
highest, Hunan province’s structured spatial effect is the lowest. In addition, Anhui,
Fujian, and Xinjiang provinces’ structured spatial effects are relatively high, and
Shandong and Liaoning provinces’ structured spatial effects are relatively low (see
Figure 3(c)).
In conclusion, we find that the province is a critical factor affecting chronic dis-
eases, but that the high reported prevalence of chronic diseases is not only in eco-
nomically developed provinces (such as Zhejiang, Beijing, Fujian), but also in the
economically backward provinces with complex terrain (such as Xinjiang, Guangxi),
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as shown in Figure 3. In addition, we should pay special attention to Xinjiang and
Anhui provinces, because their structured spatial effects are quite high in all three
years.
The high reported prevalence does not necessarily indicate that the health con-
ditions in these provinces are bad. On the contrary, the high reported prevalence
may indicate that elderly people pay more attention to their health. However, a
high reported prevalence in economically backward provinces with complex terrain
may indicate that the health conditions in these provinces are poor, for example, in
Xinjiang province.
5.2. Empirical results for hypertension
As shown in Table 2, for the covariates of gender, census register, smokingB (cur-
rently smoke), drinkingA (drank previously), drinkingB (currently drink), age, edu-
cation years, sports activities, cultural activities, and province, zero is not included
in the 95% credible intervals in 2006 and 2010. Therefore, we find that they have
considerable effects on hypertension, but we reject the hypothesis for marital status.
The empirical results for the fixed effects of the categorical covariates and for the
nonlinear effects of the continuous covariates on hypertension are very similar to
the results for chronic diseases. Thus, we do not repeat them here. The differences
between general chronic diseases and hypertension are mainly reflected in the
spatial effects.
Since a larger coefficient denotes a greater effect, and the coefficient of province
on hypertension is relatively large, thus, the spatial effect of province on hyperten-
sion is critical.
In 2006, Hebei, Beijing, and Zhejiang provinces’ structured spatial effects on
hypertension are the highest, followed by Jiangsu, Shanghai and Heilongjiang.
Guangxi, Yunnan, and Sichuan provinces’ structured spatial effects are the lowest,
although Guangdong and Liaoning provinces’ structured spatial effects are also rel-
atively low (see Figure 4(a)). In 2010, Yunnan province’s structured spatial effect
is the highest (see Figure 4(b)), showing a marked increase over the low level in
2006.
In conclusion, we find that the province is a critical factor affecting hypertension,
but that the highest reported prevalence occurs mainly in economically developed
provinces (e.g., Zhejiang, Beijing, and Guangdong), and not in economically back-
ward provinces, as shown in Figure 4. In addition, note that Zhejiang province’s
structured spatial effects are quite high in both years.
The high reported prevalence in these economically developed provinces simply
indicates that the elderly pay more attention to their health. However, the high
reported prevalence in Yunnan province in 2010 indicates that the health conditions
in this province are poor. Reports in 2013 revealed that for every 10 Kunming
(Yunnan provincial capital) residents, two suffer from hypertension, but that about
70% of patients are not aware of this.
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5.3. Empirical results for heart disease
As shown in Table 2, for the covariates of gender, census register, smokingA (smoked
previously), drinkingB (currently drink), age, education years, sports activities, cul-
tural activities, and province, zero is not included in the 95% and 90% credible in-
tervals in 2006 and 2010. Therefore, we find that they have considerable effects on
heart disease, but we reject the hypothesis for marital status.
The empirical results for the fixed effects of the categorical covariates and the
nonlinear effects of the continuous covariates on heart disease are very similar to
the results for chronic diseases. Thus, we do not repeat them here. The differences
between general chronic diseases and heart disease are still mainly reflected in the
spatial effects.
As explained above, a larger coefficient denotes a greater effect, and the co-
efficient of province on heart disease is relatively large, thus, the spatial effect of
province on heart disease is critical.
In 2006, Heilongjiang province’s structured spatial effect was the highest, fol-
lowed by Liaoning, Beijing, Hebei, and Xinjiang. Guangdong, Guangxi, Yunnan,
and Sichuan provinces’ structured spatial effects were the lowest (see Figure 4(c)).
In 2010, Shaanxi province’s structured spatial effect was the highest, followed by
Shanxi and Anhui. Shandong province’s structured spatial effect was the lowest,
although Xinjiang, Hunan, and Guangxi were relatively low (see Figure 4(d)).
In conclusion, we find that the province is a critical factor affecting heart disease.
As shown in Figure 4, in 2006, the highest reported prevalence appeared not only
in economically backward provinces (e.g., Xinjiang), but also in the economically
developed provinces (e.g., Hebei, Beijing) and the moderately developed provinces
(e.g., Heilongjiang, Liaoning). In contrast, in 2010, high spatial effects appeared in
moderately developed provinces only (e.g., Shaanxi, Shanxi, Anhui).
5.4. Empirical results of adding time factor
Because most of the samples between surveys in 2006 and 2010 are the same, we
further take the effects of time into account. And the estimation results are shown
in Table 3.
Table 3 gives the posterior means, posterior standard deviations, and posterior
medians for all covariates (including time) of a chronic disease, hypertension, and
heart disease. In Table 3, for the covariate of time, zero is not included in the
95% credible intervals. Therefore, time do affect chronic diseases. In addition, the
posterior means of time are positive. This indicates that in comparing 2006 and
2010 (2010 is 1, 2006 is 0), the reported prevalence in 2010 is higher than that in
2006.
The higher reported prevalence in 2010 does not necessarily indicate that the
health conditions of the elderly people are worse. On the contrary, the high reported
prevalence may indicate that elderly people pay more attention to their health with
the time going.
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6. Conclusions
This study applied a STAR model to determine which covariates have considerable
effects on chronic diseases and specific chronic diseases (hypertension and heart
disease). STAR models combine spatial effects, nonlinear effects of continuous
factors, and the linear or fixed effects into a single model.
The findings are as follows: (1) the following covariates have considerable ef-
fects on chronic diseases and specific chronic diseases (hypertension and heart
disease) (in descending order): census register (rural or urban), gender, smoking,
drinking, province, age, cultural activities, years of education, sports activities; (2)
because the 95% and 90% credible intervals of marital status include zero in all
three years, thus, we reject the hypothesis for marital status; that is, the effect of
marriage is negligible; (3) elderly females, urban elderly people and the elderly who
smoke and drink are more likely to report having chronic diseases. In addition, the
reported prevalence increases with age, education level, and participation in sports
activities and cultural activities; (4) a high reported prevalence may indicate that the
health conditions are bad, but may also indicate that the elderly pay more attention
to their health; (5) a larger coefficient denotes a greater effect on chronic diseases,
thus, province is a critical factor, but the high reported prevalence is not restricted
to economically developed provinces. For chronic diseases, a high reported preva-
lence occurs in economically developed provinces and in economically backward
provinces with complex terrain; and (6) because most of the samples between sur-
veys in 2006 and 2010 are the same, we further take the effects of time into account,
and find that time also has considerable effects.
Based on the above findings, the government should further strengthen its in-
vestment in rural areas and in economically underdeveloped provinces, such as
Xinjiang province and Anhui province, as a cost-effective intervention. In addition,
the government should educate the population on the harmful effects of smoking
and drinking on health. Furthermore, economically developed provinces’ highest
structured spatial effects on hypertension do not mean that the elderly in these
provinces are more likely to have hypertension. However, the government should
strengthen its investment in the promotion and diagnosis of hypertension in eco-
nomically backward areas (e.g., Yunnan province). In the case of heart disease,
the government should strengthen its investment in provinces such as Heilongjiang
province and Liaoning province.
The nonlinear effects in this study are considerable, but very small. Thus, we
should build a better method to reconsider the nonlinear effects. Furthermore, we
have data for three years, and conduct separate estimates for the model in each
year. In future research, we will include time as a feasible covariate in the regression
model to consider the impact of time on chronic diseases.
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APPENDIX
Table 1: Variables in the models
Variable Description Value
Chronic Disease Whether one has a chronic
disease or not.
Having chronic disease is 1, else is
0.
Hypertension Whether one has hyperten-
sion or not.
Having hypertension is 1, else is 0.
Heart Disease Whether one has heart dis-
ease or not.
Having heart disease is 1, else is 0.
Time Time of investigation. 2010 is 1; 2006 is 0.
Gender Gender of the elderly person
with categories ‘male’ and ‘fe-
male’.
Female is 1; Male is 0.
Census Register Census register with cate-
gories ‘urban’ and ‘rural’.
Urban is 1; Rural is 0.
Marital Status Marital status with categories
‘live with spouse’, ‘live differ-
ently with spouse’, ‘widowed’,
‘divorce’ and ‘unmarried’
Using four dummy variables: Mari-
tal StatusA: live with spouse; Mar-
ital StatusB: live differently with
spouse; Marital StatusC: widowed;
Marital StatusD: divorce. Yes is 1,
no is 0.
Smoking Smoking condition with cat-
egories ‘smoked previously’,
‘currently smoke’ and ‘never
smoke’.
Using two dummy variables:
SmokingA: smoked previously;
SmokingB: currently smoke; Yes is
1, no is 0.
Drinking Drinking condition with cate-
gories ‘drank previously’, ‘cur-
rently drink’ and ‘never drink’.
Using two dummy variables:
DrinkingA: drank previously; Drink-
ingB: currently drink; Yes is 1, no is
0.
Age Age of the elderly people in
years.
Continuous covariate, minimum
value is 60.
Education Years One’s education years. Continuous covariate, minimum
value is 0.
Sports Activities Number of sports activities
one takes part in.
Continuous covariate, value
changes from 0 to 5.
Cultural Activities Number of cultural activities
one takes part in.
Continuous covariate, value
changes from 0 to 10.
Province Province where one lives in. Spatial covariate, integer, value
changes from 1 to 20.
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Figure 1.  20 selected provinces, municipalities and autonomous regions of China 
mainland 
 
 
 
 
 
(a) 2000 
 
Figure. 2.  Effects of smooth terms on a chronic disease with 90% and 95% 
  credible bands in 2000, 2006 and 2010  
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(b) 2006 
 
 
 
 
 
(c) 2010 
 
Figure. 2.  Effects of smooth terms on a chronic disease with 90% and 95% 
  credible bands in 2000, 2006 and 2010  (cont.) 
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(a) 2000 
 
(b) 2006 
 
(c) 2010 
 
Figure 3.  Structured spatial effect on a chronic disease in 2000, 2006 and  2010 
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(a) Hypertension-2006 
 
 
 
 
 
(b) Hypertension-2010 
 
Figure 4.  Structured spatial effect on hypertension and heart disease in 2006 and 
2010 
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(c) Heart disease-2006 
 
 
 
 
 
(d) Heart disease-2010 
 
Figure 4.  Structured spatial effect on hypertension and heart disease in 2006 and 
2010  (cont.) 
